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Abstract
We present a hierarchical Bayes model for determining genes in the sporulation pathway of
Bacillus subtilis (B. subtilis) using two complementary replicated cDNA microarray
experimental designs. The ﬁrst design involves the mutation of a transcription factor, Sigma
factor E (sE), and the second is an overexpression of this factor. We ﬁrst normalize the
microarray data using a rank invariant method. Genes found to be overexpressed in both
experimental designs are further examined experimentally to determine their role in the
sporulation pathway. Through statistical and experimental methods we found 181 genes that
had not been previously described as controlled by sE: We identify the chromosome locations
of clusters of sE-controlled genes using a nearest neighbor scan-statistic, and determine
B. subtilis functional categories that are over-represented in subsets of expressed genes.
r 2004 Elsevier Inc. All rights reserved.
AMS 2000 subject classifications: 62H10; 62H12; 92D99
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1. Introduction
Bacillus subtilis (B. subtilis) has been studied with much interest recently due
to its close relation to Bacillus anthracis, the causative agent of anthrax, and its
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importance to public health concerns. B. subtilis is a bacterium that sporulates
as a response to starvation, and in the sporulated state can survive in
extreme environmental conditions. A main goal of this study is to determine
genes in the sporulation pathway, speciﬁcally the sE pathway. sE is a transcription
factor that controls a group of sporulation genes but to date only a fraction of
genes under its control have been identiﬁed. Two complementary replicated
cDNA microarray experimental setups have been implemented to show the same
genes under sE’s control. In the ﬁrst set of experiments, referred to as the ‘‘mutant’’
design, sporulating cells that contain a null mutation in the gene for sE were
compared to sporulating cells that are wild type for sE: In the second set of
experiments, called the ‘‘induction’’ design, sE is overexpressed in response to a
speciﬁc inducer, i.e. cells that had been treated with the inducer were compared to
untreated cells.
Within each design, a rank invariant method is ﬁrst used to normalize individual
slides. Then, a hierarchical Bayes model is employed to combine data across
replicated slides to determine overexpressed genes. The analysis results of the two
designs are combined to produce a consolidated set of 225 overexpressed genes. In
addition to statistical methods, further biological insight identiﬁes 28 additional
putative genes for a ﬁnal set of 253 genes predicted to be under the control of sE: Of
the 253 genes, 72 were previously known to be in the sE regulon. Of the remaining
181 genes, bioinformatics and experimental methods conﬁrmed that these are newly
identiﬁed sE-controlled genes.
We perform a global test for clustering of sE-controlled genes along the B. subtilis
genome, and identify chromosome locations of clusters using a nearest neighbor
scan-statistic. We also identify functional categories that are over-represented among
subsets of genes with speciﬁc expression characteristics using GeneMerge software
[2], which produces p-values based on the Hypergeometric distribution. The
categories of interest are the overexpressed, highest and lowest variance, and non-
differentially expressed genes, based on the posterior distributions of log-expression
ratios.
2. Methods
2.1. Mutant microarray experimental design
In the mutant design, ﬁve microarrays are produced from three independent
experiments. Fig. (1a) displays a diagram of the experimental setup. In the ﬁrst
experiment, a culture of wild-type and mutant bacteria is separately grown and RNA
is extracted from both cultures. The RNA from wild-type bacteria is used to generate
ﬂuorescently labeled cDNA tagged with Cy3 (green), and the RNA from mutant
bacteria is used to generate cDNA labeled with Cy5 (red). These differentially tagged
cDNA preparations are mixed and hybridized to slides one and three. Slide two is
similar except that the Cy3 and Cy5 labels are reversed between the cultures (referred
ARTICLE IN PRESS
E.M. Conlon et al. / Journal of Multivariate Analysis 90 (2004) 1–182
to as a ‘‘dye swap’’). Similarly, experiments 2 and 3 produce one slide each, with the
last slide being a dye swap. We use wild-type/mutant ratios since up-regulation of
these values will identify genes in the sE regulon.
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Fig. 1. Experimental setup for (a) mutant design, and (b) induction design. s2 is the experimental
variance, t2 is the slide variance.
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The number of genes spotted on each of the ﬁve arrays ranges from 4268 to 4751.
These numbers are larger than the 4106 genes in the B. subtilis genome since selected
genes of interest were spotted multiple times on various arrays. Each of the slides
contains low-quality spots that are ﬂagged and removed from analysis. The
percentage of genes detected on the arrays with adequate quality for analysis ranges
from 35.5% to 81.4% (between 1687 and 3749 genes, respectively). We use mean
foreground minus mean background intensity levels to calculate expression for both
the Cy3 and Cy5 channels for each gene. Genes with negative intensity levels for
both the Cy3 and Cy5 channels are removed from analysis. Genes with negative
expression values (due to the subtraction of background values) in only one of the
two channels are assigned a minimum positive intensity value of 10. This negative
intensity value is typical in the sE mutant channel, in which many genes have close-
to-background expression level.
2.2. Induction microarray experimental design
In the induction design, four microarrays are produced from three independent
experiments (Fig. 1b). The ﬁrst two experiments produce one slide each, in which
cDNA from the wild-type bacteria culture is labeled with Cy5 and cDNA from the
induced bacteria culture is labeled with Cy3. The third experiment produces two
slides, with the last slide being a dye swap. We use induction/wild-type ratios since
up-regulation of these values will show genes under the control of sE: Calculation of
intensity values is similar to the mutant design.
The number of genes spotted on the four arrays ranges from 4608 to 4751.
Selected genes were also spotted multiple times on the arrays, similar to the mutant
design. The percentage of genes detected on the arrays ranges from 33.0% to 47.4%
(between 1519 and 2183 genes). Note that these percentages are much lower than for
the mutant design. Given that signal intensities (or at least the foreground/
background ratios) were usually lower in the induction experiments, more features
had to be ﬂagged and removed from the analysis in the induction design than the
mutant design.
2.3. Rank invariant normalization
Popular methods of normalization include the use of ‘‘housekeeping’’ genes, which
are genes that are thought to be non-differentially expressed in an experimental
condition. However, it has been shown that these genes show some natural
variability and are thus not always well suited for normalization purposes [14]. Here,
we use the rank invariant method of [12] to normalize each slide to remove
systematic effects not related to gene expression. In this procedure, we ﬁrst calculate
the ranks of each gene among the Cy3 and Cy5 channels, respectively. Genes with
Cy3 and Cy5 ranks within 2%G and with average of Cy3 and Cy5 ranks not among
the 25 highest or lowest ranks are included in the initial set of genes S0. Here G is the
total number of genes on the slide. This process is repeated, i.e., the set Si contains
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genes with ranks of Cy3 and Cy5 within (2%|Si1|), until the rank invariant set does
not change. The value of 2%G and 25 are based on recommendations by Tseng et al.
[14], for similar sized data sets.
As recommended in [5], we compute for each gene the ‘‘M’’ and ‘‘A’’ values, where
M=log10-ratio of expression (y-axis) and A=average log10-intensity over the Cy3
and Cy5 channels (x-axis). A locally weighted scatterplot smoother ‘‘Lowess’’, a
built-in function of the statistical language R [8], is used to ﬁt a normalization curve
Mˆ through the rank invariant genes, where Mˆ ¼ fˆ ðAÞ: The normalized log-ratios are
deﬁned as M˜ ¼ M  Mˆ: After within-slide normalization, we determine whether
further normalization due to scale is needed by comparing the spread of the
distributions of the slides within each of the mutant and induction designs.
2.4. Hierarchical Bayes model
We combine the data across normalized slides using the hierarchical Bayes model
in [14]. This model takes into account variation due to slides and experiments, and
allows missing gene expression data and genes that are multiply spotted on some
arrays and not others. More speciﬁcally, the model assumes that:
ygse j mgeBNðmge; t2gÞ; g ¼ 1yG; e ¼ 1y:E; s ¼ 1ySe;
mgeBNðyg; s2gÞ; g ¼ 1yG; e ¼ 1yE:
Here, ygse is the observed log-ratio of expression for gene g, slide s and experiment e,
and mge is the mean over slide within experiment. The yg is the true log-ratio of
expression for each gene and is the parameter of interest, t2g is the slide effect
variance, s2g is the experiment effect variance, and Se is the number of slides in
experiment e.
It is difﬁcult to validate the model assumption (normality) since each gene has its
own set of mean and variance parameters and no more than ﬁve observations. We
present here a novel method to test for normality. For each gene, we choose one
observed measurement (if there are multiple) for each experiment (see Fig. 1b). Then,
we compute the gene’s normalized maximum deviance (NMD):
NMDg ¼ maxi j xgi  %xg: jﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
E1
PE
i¼1ðxgi  %xg:Þ2
q :
Since the NMD is independent of the mean and variance, its null distribution can
be simulated. We calculated NMDg for both the induction experiment data (Fig. 1b)
and simulated Normal(0,1) data and performed a Kolmogorov–Smirnov test to
compare the two distributions. We obtained a p-value of 0.8605, indicating that the
normality assumption is acceptable for our experiments.
As prior speciﬁcations, we assume that pðygÞp1; t2gBk*t2=w2k; and s2gBh *s2=w2h:
The scale parameter representing the between-slide variation *t2g is derived from
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the data:
*t2 ¼ 1
G
P
Se  1ð Þ
XG
g¼1
XE
e¼1
XSe
s¼1
ðygse  ygeÞ2;
where yg.e is the average log-expression ratio over the slides within an experiment:
yge ¼ 1
Se
XSe
s¼1
ygse:
Similarly, the between-experiment variation is given as
*s2 ¼ 1
GðE  1Þ
XG
g¼1
XE
e¼1
ðyge  ygÞ2;
where yg is the average log-expression ratio over both slides and experiments. We
used three degrees of freedom for both t2g and s
2
g; i.e. h=k=3. The posterior
computation is accomplished by a Gibbs sampler [10], which cycles through the full
conditional distributions:
pðmge j ygse; yg; t2g; s2gÞpN
Seyges2g þ t2gyg
Ses2g þ t2g
;
t2gs
2
g
Ses2g þ s2g
 !
;
pðyg j ygse; mge; t2g; s2gÞpNðmg; s2g=EÞ;
pðs2g j ygse; mge; yg; t2gÞp
XE
e¼1
ðmge  mgÞ2 þ h *s2g
( )
=w2
Eþh1
;
pðt2g j ygse; mge; yg; s2gÞp
XE
e¼1
XSe
s¼1
ðygse  mgeÞ2 þ k*t2g
( )
=w2
S1þ?þSEþk
:
We implemented the foregoing procedure using the R statistical language [8], with
subroutines provided by Tseng et al. [14]. The number of Gibbs sampling iterations
was chosen as 2000 for our problems, which is more than adequate. The posterior
distribution of yg; in particular Pðyg40jyÞ; is used for the inference of appreciably
overexpressed genes.
2.5. Combining two experimental designs
We deﬁne a gene’s score as the posterior probability that its true log-expression
ratio is greater than zero, using the model in Section 2.4. Overexpressed genes in
each experimental design are those genes with scores greater than a threshold,
which is selected by comparison to the scores associated with genes that had
been previously identiﬁed as controlled by sE: The threshold value for the mutant
design was 0.95, i.e. genes with 95% or greater posterior probability of a positive
log-expression ratio are deﬁned as overexpressed in the mutant design. The
induction experiments produced lower expression ratios resulting in a less stringent
threshold value of 0.85. Differentially expressed genes are those with the indicator
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variable Dg=1, where
Dg ¼
1 if ðSgm40:95Þ-ðSgi40:85Þ;
0 otherwise;
	
with Sgm and Sgi being the scores for gene g in the mutant and induction designs,
respectively.
In the case of no prior knowledge of genes under the control of a transcription
factor, the following procedure may be used to determine a set of target genes. First,
a stricter cutoff would be used as a starting point, and a small number of genes
would be identiﬁed as differentially expressed. These genes would be experimentally
veriﬁed to identify a short consensus sequence (called a binding site) in the regulatory
region. It is also possible to use computational means to discover these consensus
sequences [3]. One would then explore the genes left out, performing pattern
matching of the consensus sequence in the regulatory sequence of genes below the
ﬁrst cutoff. These genes would then be experimentally targeted and veriﬁed. This
process would iterate until there were a larger set of genes that the experimentalist
was conﬁdent were under the control of the transcription factor.
2.6. Clusters of sE-controlled genes
2.6.1. Global clustering test
The genome of B. subtilis is comprised of one circular chromosome containing
4106 genes, among which 252 have been determined by our analysis as controlled by
sE and annotated in the B. subtilis genome (see Sections 3.3 and 3.4). To test whether
these 252 genes are scattered in the genome uniformly, we conduct both the gap and
the cluster analyses. For display purposes, we break the chromosome at the origin,
which is located 410 bases upstream from the gene dnaA. Regarding the 4106 gene
locations as equally spaced along a unit circle, we plot the histogram of the spaces
between the neighboring sE-controlled genes (ﬁgure not shown). If these 252 genes
were indeed uniformly distributed around the circle, the spacing distribution should
follow a Beta(1, 251) distribution. We examine the quantiles of the Beta(1, 251)
distribution to determine how well the data ﬁts the null distribution (see Results).
2.6.2. Cluster locations
To identify genomic locations of clusters of sE-controlled genes, we deﬁne for each
gene g the statistic SNNg (Sigma E-controlled Nearest Neighbors) as the number of
sE-controlled genes within the 50 genes centering at gene g, i.e.,
SNNg ¼
Xgþ25
i¼g25
Ii; where Ii ¼ 1 if gene i is s
E-controlled;
0 otherwise:
	
SNNg is a ‘‘scan statistic’’ on the circle, i.e. the maximum number of points in a
moving window of ﬁxed length over a region. The neighborhood size 50 was chosen
from a priori information of cluster sizes based on comparative genomics. This value
can be tailored by the user for speciﬁc study questions. Exact tail probabilities for the
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scan statistic on the line have been calculated for small numbers of events (o25, see
[11]), assuming an underlying uniform distribution of events on the interval and a
continuous window length. Asymptotic results for these exact probabilities have
been derived for the line and circle [4]; however, the results are impractical to
compute and are not accurate enough to be used for testing purposes [7]. More
recent accurate approximations of tail probabilities of the scan statistic on the line
have been introduced that are computationally feasible (see [7] and references
therein). However, these methods have been extended neither to the circle nor to the
case of discrete grids, as we have here for the circular bacterial genome. We therefore
determine signiﬁcance levels for the SNN statistic through a Monte Carlo (MC)
simulation. We ﬁrst label randomly 252 genes out of the 4106 as being controlled by
sE; and then calculate the maximum of the SNN statistic over all the 4106 genes.
This process is repeated 1000 times, resulting in 1000 maximum values. The 95% and
99% quantiles of these 1000 values are shown in Fig. 5, together with the plot of the
observed SNN statistics for each gene versus its chromosomal location.
2.7. Functional categories
The functional classiﬁcation tree of the genes of B. subtilis contains six functional
categories, including: (1) cell envelope and cellular processes, (2) intermediary
metabolism, (3) information pathways, (4) other functions, (5) similar to unknown
proteins, and (6) unknown. Within these six categories are 46 subcategories. We
identify functional categories that are over-represented in subsets of expressed genes
using the GeneMerge software [2], which computes the p-value of over-represented
categories based on the hypergeometric distribution. For example, if the total
number of genes detected on a microarray slide is N, among which M genes belong
to category K. Suppose a subgroup of n genes possess certain expression
characteristics such as overexpression. If category K is not related to the genes
that are affected in the experiment, we expect that the number k of the overexpressed
genes that belong to category K follows the hypergeometric distribution
Hyper(N,M,n). Since many categories are considered, the p-values need to be
adjusted for multiple testing with Bonferroni corrections.
3. Results
3.1. Mutant design
We display the pre-normalized M–A plots for the genes detected on the arrays for
each of the ﬁve slides (Fig. 2). In all ﬁve slides, the distributions of the log-ratios
show higher expression in the Cy3 than the Cy5 dye. This is consistent with the better
labeling efﬁciency of Cy3 that has been documented in many experiments [5]. We
remove this effect through rank invariant normalization. We ﬁnd between 3% and
6% of the total genes (between 47 and 218 genes) are rank invariant for each of the
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slides, and we ﬁt a Lowess normalization curve through these genes for each slide
(Fig. 2). Note that the apparent straight lines of the M–A plots are due to the
minimum positive intensity value assigned to the genes with negative intensity in one
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Fig. 2. Pre-normalized log10-ratios of expression, the rank invariant genes, and the Lowess curve ﬁt
through the rank invariant genes for the mutant experimental design.
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channel. The boxplots of each of the ﬁve slides are examined to determine whether
further normalization is needed due to scale (Fig. 3). The boxplots show that slide 2
has a larger spread in its distribution than the other slides. Slide 2 also had the lowest
percent of genes of sufﬁcient quality for analysis (35.5%). However, the ﬁve
distributions are adequately similar that normalizing across arrays may introduce
more variance than not adjusting [15]. As a result we combine the normalized data as
it is, using the hierarchical Bayes model of Section 2.4. Using the 0.95 score
threshold, i.e. requiring overexpressed genes to have 95% or higher posterior
probabilities of positive log-expression ratios, we ﬁnd 372 genes that are
overexpressed in the mutant design.
3.2. Induction design
Implementation of the analysis methods for the induction design is similar to that
for the mutant design. We examine the pre-normalized M–A plots for each of the
four slides (ﬁgure not shown). In all four slides, the distributions of the log-ratios
again show the effect of higher expression in the Cy3 than the Cy5 dye, which is
removed through rank invariant normalization. We ﬁnd between 5% and 8% of the
genes are rank invariant (between 81 and 143 genes) for each of the slides, which is a
slightly higher percentage than for the mutant design. The rank invariant genes and
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Fig. 3. Boxplots of distributions of log10-ratios of expression after normalization for the mutant design,
ﬁve wild-type/mutant micorarrays.
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the Lowess normalization curves are also calculated for each slide. The boxplots for
the four slides are similar, so that we do not normalize for scale (ﬁgure not shown).
Using the 0.85 score threshold, i.e. deﬁning overexpressed genes as those with 85%
or higher posterior probability of positive log ratios of expression, we ﬁnd 329 genes
that are overexpressed in the induction design.
3.3. Overexpressed genes in both mutant and induction designs
We ﬁnd Dg=1 for 225 genes of B. subtilis, which are candidates for control by sE:
Further biological knowledge of 28 additional genes increased the total putative
genes to 253 [6], as follows. Of the 28 genes, 16 were previously known to be
controlled by sE: Of the remaining 12, eight were above the score threshold in the
mutant design, and had a predicted sE-binding site in the regulatory region, three
were not identiﬁed in any experiments but belonged to operons (i.e. 2 or more genes
that are next to each other and controlled by the same promoter) with other genes
successfully identiﬁed, and one was not annotated in the genome.
3.3.1. Individual gene results, spoVR and glyA
We illustrate our method of combining the mutant and induction designs by using
individual genes. For the mutant design, gene spoVR has posterior log-expression
ratios ranging from 1.5 to 2.8 (Table 1). The histogram of the posterior distribution
is shown in Fig. (4a), with posterior median of 2.17. spoVR has a score of 1.0, i.e.
100% of the posterior distribution is greater than zero, so that (Sgm40.95) and
spoVR is classiﬁed as overexpressed in the mutant design. For the induction design,
spoVR has posterior log-expression ratios ranging from 0.29 to 0.47, with posterior
median of 0.39 (Table 1, Fig. 4b). The spoVR induction score is 0.996, so that
(Sgi40.85) and spoVR is classiﬁed as overexpressed in the induction design. Dg=1
for this gene, and thus spoVR is labeled differentially expressed and potentially under
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Table 1
Normalized log10-expression ratios, posterior medians and scores for genes spoVR and glyA
Mutant design Induction design
Normalized
log10-ratio
spoVR
Normalized
log10-ratio
glyA
Normalized
log10-ratio
spoVR
Normalized
log10-ratio
glyA
Slide 1 2.22 0.18 Slide 1 0.47 0.04
Slide 2 1.64 0.47 Slide 2 0.35 0.05
Slide 3 2.52 0.01 Slide 3 0.29 0.04
Slide 4 2.81 0.18 Slide 4 0.38 0.01
Slide 5 1.46 0.17
Posterior
median
2.17 0.16 Posterior
median
0.39 0.03
Score, Sgm 100% 77% Score, Sgi 99.6% 38%
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the control of sE; which is consistent with a previous report identifying this gene as a
sE-controlled gene [1].
In contrast, the histogram of the posterior log-expression ratios of gene glyA for
the mutant design is shown in Fig. (4c). This gene has posterior log-ratios ranging
from 0.18 to 0.47, with median 0.16 (Table 1). The glyA mutant score is 0.77, so
that (Sgmo0.95) and glyA is classiﬁed as non-differentially expressed in the mutant
design. For the induction design, glyA has posterior log-ratios ranging from 0.10 to
0.05, with posterior median of 0.03 (Table 1, Fig. 4d). The glyA induction score is
0.38, so that (Sgio0.85) and glyA is classiﬁed as non-differentially expressed in the
induction design. Dg=0 for this gene and thus glyA is labeled not under the control
of sE: Note the much lower posterior log-expression ratios for the induction versus
mutant design for both spoVR and glyA.
3.4. Experimental follow-up
The 253 putative sE-controlled genes were further examined computationally and
experimentally to conﬁrm their inclusion in the sE regulon. Seventy-two of the 253
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Fig. 4. Histograms of posterior distributions of two sporulation genes. spoVR (a) mutant design, (b)
induction design, glyA (c) mutant design, (d) induction design. spoVR is differentially expressed, glyA is
non-differentially expressed.
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genes were identiﬁed previously to be under the control of sE: Of the 72, 16
were from the set of 28 additional genes based on biological knowledge. Of the
remaining 181 genes, further computational methods identiﬁed putative sE-binding
sites in the respective regulatory regions. Twelve of these 181 genes were from
the set of 28 additional genes based on biological knowledge. Computer
predictions were conﬁrmed by mapping of the promoters for several of the newly
identiﬁed sE-regulated genes. In addition, systematic gene inactivation revealed that
many of these genes are critical for efﬁcient sporulation. Finally, experiments
using in-frame fusions of several of the genes to the coding sequence for the
green ﬂuorescent protein (GFP) indicated that subcellular localization of the
proteins encoded by these genes is consistent with a role in the process of sporulation
[6]. Thus, as judged by bioinformatics and experimental methods, the 181 genes are
newly identiﬁed sE-controlled genes. Of the 253 sE-controlled genes, one gene,
ytrH, is a newly discovered gene that is not annotated in the B. subtilis genome
version R16.1 (http://genolist.pasteur.fr/SubtiList/), so that the set analyzed below is
size 252.
3.5. Gene clusters
We examine the histogram of the number of non-sE-controlled genes located
between the 252 sE-controlled genes (i.e. the ‘‘gaps’’), and compare the gap
distribution with the Beta(1, 251) quantiles. Of the 252 gaps, 12 have values greater
than the 99% quantile, and two have values greater than the 99.99% quantile. This
indicates larger than expected gaps between sE-controlled genes. For the lower tail,
111/252 (44%) of the gaps equal zero, i.e. the sE-controlled genes are adjacent on the
chromosome. This is highly signiﬁcant even after adjusting for the existence of
operons (it is reasonable to assume that no more than 50% of the 252 sE-controlled
genes are in operons; that the average operon size is 2.8 genes [17]). Even though 142
of the 252 genes (i.e. 56%) could be grouped into operons [6], we ﬁnd several
adjacent pairs of sE-controlled genes that are transcribed in opposite orientation and
are thus not organized in operons. We do not explicitly adjust for operons in this
analysis since the operon organization has not been systematically conﬁrmed and is
only predicted. These ﬁndings are indicative of global clustering. One gap value
greater than the 99.99% quantile is due to differences between bacterial strains used
to build the microarray and that used in the experiments, and does not provide
additional evidence of clustering (see Discussion). We also performed a one-sample
two-sided Kolmogorov–Smirnov test, comparing the gap distribution to a Beta(1,
251) distribution. The p-value is 2.2	 1016, indicating a highly signiﬁcant departure
from the Beta(1, 251) distribution.
We plot SNNg, i.e. the number of sE-controlled genes within 50 nearest neighbors,
for the 4106 genes of B. subtilis versus chromosome location, and the 95% and 99%
Monte Carlo quantiles (Fig. 5). Of the 4106 SNNg statistics, there are two major
peaks that are above the 99% MC quantile. The locations of the largest clusters are
between genes 2426 and 2437, all of which have 16 sE-controlled genes in the 50
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nearest neighbors. Another large cluster at gene 1949 contains 13 sE-controlled
genes within 50 nearest neighbors. Areas with no sE-controlled genes are also of
interest, including a large segment of 312 genes from locations 3268 to 3579 with no
sE-controlled genes. There is a second large segment of 218 genes between genes
2001 and 2218 with no sE-controlled genes. This segment is due to differences
between bacterial strains used to build the microarray and that used in the
experiments, and does not provide further evidence of clustering (see Discussion).
3.6. Gene function analysis
3.6.1. Overexpressed genes
We identify the functional subcategories that are over-represented for the 252
genes under the control of sE: The population for this statistical test is the set of 3746
genes detected on at least one array of the mutant or induction designs. The 252
genes represented 27 functional subcategories, of which two were over-represented
with highly signiﬁcant adjusted p-values (less than 0.001). The ﬁrst is ‘‘sporulation’’,
which is expected for this group of genes; the second is ‘‘metabolism of lipids’’. A
third subcategory had a borderline signiﬁcant adjusted p-value of 0.011, that of ‘‘cell
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Fig. 5. SNNg for each of the 4106 genes of the B. subtilis genome versus gene location. The 95% (dashed)
and 99% (solid) lines correspond to Monte Carlo signiﬁcance levels. Values above the 95% and 99% lines
indicate signiﬁcant clusters of sE-controlled genes.
E.M. Conlon et al. / Journal of Multivariate Analysis 90 (2004) 1–1814
wall’’ (Table 2). These ﬁndings suggest that genes involved in metabolism of lipids
and cell wall functions are important in the sE sporulation pathway. Given that
sporulation is initiated in response to starvation, it is not surprising that genes
involved in metabolic functions are activated. Catabolism of lipids could provide
part of the energy necessary to complete the process of sporulation under conditions
of limited nutrient availability. Similarly, the presence of genes from the ‘‘cell wall’’
category is expected because the spore cortex, an elaborate structure that protects the
spore against certain forms of adverse environmental conditions, is chemically and
physically related to the cell wall. Spore cortex synthesis takes place during
sporulation shortly after sE activation and several genes under sE control are known
to be important for cortex formation [13].
3.6.2. Lowest variance
We use the 433 genes with lowest variance (o0.03) of the posterior distribution of
log-expression ratio in the mutant design as the subset of interest. This set includes
genes both up- and down-regulated, and represents 38 functional subcategories. The
population for this and the remaining tests is the set of 3712 genes detected on at
least one array of the mutant design. Two subcategories were over-represented, with
signiﬁcant adjusted p-values (less than 0.01), including ‘‘membrane bioenergetics’’
and ‘‘RNA modiﬁcation’’. Two more subcategories were over-represented, with less
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Table 2
Over-representation of functional categories of genes
Bacillus subtilis function Population
fraction
Study
fraction
p-Value Bonferroni-
adjusted p-Value
Overexpressed genes
1.1, Cell wall 0.075 34/252 0.00042 0.011
2.4, Metabolism of lipids 0.017 16/252 3.6e06 0.0001
1.8, Sporulation 0.035 49/252 1.6e25 4.1e24
Lowest variance
3.6, RNA modiﬁcation 0.0059 11/433 1.0e05 0.0004
1.4, Membrane bioenergetics 0.020 21/433 5.1e05 0.0020
2.2, Metabolism of amino
acids and related molecules
0.044 33/433 0.0011 0.042
1.1, Cell wall 0.075 49/433 0.0016 0.063
Highest variance
6, unknown 0.137 107/473 8.8e09 3.2e07
Non-differentially expressed genes
None
The population fraction is the fraction of genes in the population with the associated function. The study
fraction is the fraction of genes in the subset of interest with the associated function.
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signiﬁcant p-values (o0.10) but still of interest, including ‘‘cell wall’’ and
‘‘metabolism of amino acids and related molecules’’ (Table 2). These results suggest
that these are vital functions with strong expression control that does not vary across
slides.
3.6.3. Highest variance
We use the 473 genes with highest variance (40.25) in the posterior distribution of
the log-expression ratios in the mutant design as the subset of interest. This subset
includes both up- and down-regulated genes, and represents 37 functional
subcategories. One subcategory was over-represented, with signiﬁcant adjusted
p-value (less than 0.01), which was the ‘‘unknown’’ functional category. This
suggests that this group of genes may not be well studied due to their high variance
and other characteristics that may not be reliably measured. However, it is difﬁcult
to draw ﬁrm conclusions, since the ‘‘unknown’’ functional category is by deﬁnition
very heterogeneous. Most of these genes will be reassigned to existing categories in
the future as research progresses.
3.6.4. Non-differentially expressed genes
We examined the 311 genes that were non-differentially expressed in the mutant
design. These genes had scores between 0.45 and 0.55, and a range of posterior
median log-expression ratios between (0.06, 0.06). This group represents 31
functional subcategories. We did not ﬁnd any of the subcategories to be over-
represented in this group of genes.
4. Discussion
We demonstrated here the usefulness of the Bayesian hierarchical model
developed by Tseng et al. [14] in determining differentially expressed genes in a
large-scale biological investigation, which involves designs with multiple slides in
repeated experiments and a substantial amount of missing data.
There were genes that were overexpressed in only the mutant experiments and are
of interest. The mutant experiments were easier to interpret than the induction
experiments since the condition of sporulation used in the mutant design
corresponds to the condition where sE is normally active. The genes of the
induction experiments had lower expression ratios due to a more artiﬁcial design, i.e.
sE is normally not expressed in growing cells. For this reason, there were
approximately 50 genes that were overexpressed in the mutant design but not the
induction design that have a high chance of being sporulation genes. However, the
scope of this project was to identify targets of which the biologist was most certain.
The nearest neighbor scan-statistic used for the identiﬁcation of chromosomal
clusters of sE-controlled genes can be generally applied to ﬁnd interesting
chromosomal areas where a cluster of genes with similar characteristics are present.
Hypotheses exist to explain our ﬁndings of higher density of sE-controlled genes in
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certain regions of the bacterial chromosome. Part of the observed clustering is due to
the fact that about half of the genes in the sE regulon are organized in operons. This
form of clustering is very frequent in bacterial genomes and is therefore expected in
this particular case as well. However, more surprising is the observation that not all
of the observed clustering can be explained by the presence of operons. A possible
explanation for this additional clustering is that most of the sporulation genes
appeared at the same time in evolutionary history and therefore were clustered in the
same region of the chromosome of the ancestral endospore former. The fact that
these genes are still somewhat clustered could be a remnant of this ancient compact
organization [6]. These questions can be further studied through comparative
genomics, using closely related species that also sporulate, such as Bacillus
halodurans, Oceanobacillus iheyensis and Bacillus anthracis, closely related non-
endospore formers Listeria monocytogenes and Listeria innocua, and more distantly
related endospore-formers Clostridium acetobutylicum and Clostridium perfringens
(see [6] and references therein).
The large segment of the chromosome of 218 genes with no sE-controlled genes
corresponds to the SPb prophage. This prophage is present in the genome sequence
of strain 168 [9], which is the parental strain that was used for genome sequencing
and building of the microarrays. However, the SPb prophage is absent from strain
PY79 [16], a derivative of strain 168 that was used in transcriptional proﬁling
experiments. Therefore, the spots corresponding to SPb prophage on the microarray
have been consistently ﬂagged and removed from analysis. This results in no sE-
controlled genes being found in this segment of the chromosome.
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